Abstract: A methodology is presented which facilitates determination of the risk of flashover in an overhead line network consisting of composite insulators. The method allows consideration of environmental variation by granulation of the geography, and separates the issues of long term ageing and the threat of short term flashover due to environmental extremes. This is achieved by combining established statistical dimensioning principles according to the sites' pollution severity and a four-state Markov ageing model to account for long-term ageing of the insulators. The short-term time-variant pollution severity is defined using statistical principles. Then by choosing appropriate transition probabilities between pre-defined Markov states the population of insulators at risk of flashover is estimated. Knowledge of the distribution of Markov states in the system and the pollution severity enables estimation of risk of flashover for a given number of insulators at a given point in time in a range of environments. The analysis is designed to be used to assist asset management decisions and optimise condition monitoring of overhead line composite insulators.
Introduction
Polymeric composite insulators have been replacing traditional glass and ceramic designs on high voltage overhead lines over the last thirty years [1, 2] .
Silicone rubber composites are the preferred insulators in polluted environments because of their high hydrophobicity, which is recoverable even after sustained periods of surface discharges [3] [4] [5] . Thus, they reduce the need for maintenance washing and associated costs. They also provide advantages due to Emphasis of the work by Maxwell et al. [6, 7 ] Emphasis of the work by Engelbrecht et al. [2, 8, 9] Considered of lesser importance Emphasis of this work their low weight, such as ease of transportation and installation. However the surfaces of polymeric composite insulators do age over time [2, 11, [12] [13] [14] [15] unlike ceramic based systems (glass and porcelain). The mechanisms by which composite insulators age is subject to the relatively constant electrical stress applied, and the continuously varying environmental conditions that govern local stresses to which the insulators' surfaces are exposed [2, 3, 16] .
For example, near coastal areas there is more saline pollution than inland. As a result the probability of flashover near coastal areas is high because of high pollution conductivity allowing high currents, and over the long term, the surface condition of the insulator is aged faster than the inland areas [6] because of more frequent and intense surface discharge activity [17, 18] . The importance of the local climate is illustrated by observed asymmetry in ageing of north-and south-facing surfaces of individual insulators [8, 12, 13, 19] . An aged insulator flashes-over in more benign conditions than a new one and thus the environment controls both the long-term aged state of the insulator and the short term likelihood of flashover. However, the physics and chemistry of the insulation ageing [11] and flashover processes [20] are very different.
As there is no control over the environment of service, composite insulators are designed [21] to have a sufficient creepage distance to reduce the flashover likelihood through reduction of the surface electrical stress to an acceptable level [22] . Nevertheless, environmental conditions, such as wetting, pollution, wind, biofilms, thermal and UV cycling that control the ageing rate of the insulator and reduce its flashover performance remain. As the ageing rate of composite insulators is dependent on the environmental, as well as electrical stresses to which it is exposed, forecasting faults for a whole network becomes a probabilistic forecast. To keep the cost of inspection and condition monitoring to the minimum and focused in areas of greatest benefit, intelligent decisions and asset management policies need to be applied. The focus of this work as shown in Fig. 1 , is to assist asset management decision-making by reflecting statistically the long term flashover performance of composite insulators according to site severity. This is achieved by combining established statistical dimensioning principles [23, 24] according to local distributed pollution severity and a four-state Markov ageing model [25] .
The length of transmission lines means that there are normally very different environmental conditions to which different parts of the line are exposed: typically categorized as rural, agricultural, industrial and coastal [21] . To separate the different environmental conditions for our analysis we employ the term "environmental cell". Thus we assume that the parts of the transmission line (including the insulators) enclosed by the boundaries of an environmental cell experience the same environmental conditions. Furthermore, each environmental cell is characterized by distinct quantitative environmental conditions such as UV radiation, the nature of precipitation, wind direction and strength, thermal cycling and airborne pollution; all of which will have short-term daily variation and long term seasonal patterns. We propose a model in which the risk of flashover voltage for a given year in service can be estimated for a given number of insulators enclosed in an environmental cell. Consequently, the risk of flashover voltage for a whole transmission line can be estimated by combining the risk of flashover of a finite group of environmental cells.
It is important to point out that in this paper we regard the longevity of an insulator to be determined by the flashover rate in service, rather than by a catastrophic mechanical failure. Also for these insulators a failure event is the flashover of an individual insulator, after which the insulator recovers and the system resumes normal operation.
Ultimately unsatisfactory performance to an asset manager is not determined by isolated flashover events because the system is designed to cope with these. Unsatisfactory performance is determined by flashover events which are too frequent for system reliability targets.
An overview of the statistical approach
In this work we consider the risk or likelihood of flashover for composite insulators to be a probabilistic process that is governed from both deterministic as well as stochastic events. The deterministic parameters are separated into two categories; the "constant" ones and the ones that "change over time". Constant events or parameters are the ones that are defined mainly prior to the installation of the insulators such as the design and geometry of the insulators, composite material formulation, rated voltage as well as mechanical loads applied from the weight of the overhead line conductor, and finally and most importantly the geographical location. In our model the surface condition of the insulation is considered a deterministic parameter the rate of change of which depends on the geographical location [16] as well as the insulation material. This is because in our experience [17, 19, 26] all insulators on a line behave in the same way, and variation within a short section of line is minimal.
Stochastic parameters are also separated into two categories; the ones that are dependent on short periodic cycles in time (i.e. diurnal) and the ones that are dependent on longer cycles or drift in time. Many environmental events and mechanical loads (vibrations and tensions) fall into the former category. Included in the latter category are infrequent electrical events, extreme pollution events as well as development of defects that may have been introduced during manufacturing, storage, transport and installation.
It is apparent that a statistical model that incorporates all of the deterministic as well as the stochastic parameters would be mathematically very complex and the uncertainties over parameter evaluation high. So to develop a practical tool, we consider the influence of three parameters on the estimation of the likelihood of flashover; the environment, the design of the insulator and the effect of ageing. Following standard practice we have chosen to model the environment using a simple measure of pollution severity, equivalent salt deposit density, which characterizes the geographical region of interest [27] . The impact of the design of the insulator is statistically modeled adopting previously established statistical dimensioning principles [21] [22] [23] . Characterizing the effect of ageing on the surface condition of composite insulators is the most complex task and this is radically simplified using a four state Markov model [25] . expected reliability for the whole system, but can also be used to identify the cells where reliability issues will be most significant, allowing efficient management of the whole system. Each environmental cell is described statistically by two terms that contribute to increase the risk of flashover.
The structure of the model
The first term is the pollution severity and is expressed in terms of Equivalent Salt Deposit Density (ESDD) data [28] a measure that is used to estimate the surface conductivity of an insulator. The pollution severity for a given environmental cell is expressed by a Log-Normal distribution density function of ESDD. The flashover probability is then estimated as a function of ESDD (data from laboratory testing). The integration of the probability density function with the probability of flashover as a function of ESDD gives the risk of flashover for one insulation unit in the specified environmental cell. According to the number of insulators enclosed in the cell the risk of flashover can be estimated per pollution event, see section 4.
Following Engelbrecht [23] we define a pollution 'event' as an environmental event where the likelihood of flashover is the highest, i.e. the instance when pollution has already been deposited on the surface and wetting of the insulation is about to occur. Once the number of pollution events is known per year for a given environmental cell, the risk of flashover per year due to pollution severity of the cell can be estimated. Thus the first statistical term takes into account the effect that changing pollution severity of the environment has on the likelihood of flashover of the insulators.
The second statistical term takes into account the ageing/degradation of insulators due to environmental stresses, through a Markov model [25] to reflect long term degradation. Four ageing states are defined according to [16] and the transition probabilities reflect the long term environmental severity of the cell. Thus, the Markov model is used to estimate the likelihood of an insulator occupying one of the four defined states in time ('new', 'weathered', 'aged', 'at risk'). In our approach we are mainly focused on the population of insulators that occupy the forth state, i.e. insulators "At Risk" of flashover.
In the case presented here just two distinct environments are considered: an inland low pollution region and a coastal situation with high pollution severity. Experience suggests that linesmen who work on the overhead lines concerned, can readily identify various geographic areas by their experience of variations in metal corrosion, and pollution on insulators.
It should be noted that insulators with silicone rubber compounds age differently to EPDM-based ones. By ageing/degradation in the silicone rubbers we refer to the deterioration of the ability of the material to recover its hydrophobicity. The ability of silicone rubbers to recover good surface characteristics can readily be accommodated by the Markov model, which allows us to identify the likelihood of a transfer to an earlier, better condition state.
Nevertheless, for simplicity in this work we assume that the transition probability to an earlier state is zero. On the other hand the ageing of EPDM insulation would refer to the deterioration of the resistance of the material to erosion mainly and to a lesser extent to the ability to recover the hydrophobic properties. The proposed model can be applied to all types of composite insulators as long as suitable measures of performance are identified to reflect the critical ageing characteristic of the insulator of interest for the estimation of the Markov transition probabilities.
Statistical risk Analysis model

Statistical dimensioning principles
The principles developed by Engelbrecht et al [23] to design insulators under polluted conditions are adopted in this work. The main equations and ideas required for this paper are included below for clarity and more details can be found in [23] .
The pollution severity of the insulators' environment in service can be described by a log-Normal distribution function with the following form [27] :
where:  is the pollution severity ESDD mg/cm 2 ;  x is the Std. deviation of ln(ESDD);  x is the ESDD 50 of the insulation environment; the subscript x denoting the environment.
A cumulative distribution function P A1 (γ) describing the strength of the insulation, i.e. the probability of flashover as a function of the pollution severity, γ, is used to describe the impact of pollution. This data normally comes from laboratory tests, service experience or field tests. We have adopted the information from another study [26] where data was collected for environments with different pollution severities. In order to model an inland environment, the statistical parameters obtained from the ESDD measurements in Ludvika an inland city of Sweden are adopted. The coastal environment is represented by adopting the statistical parameters obtained for Kelso near the Scottish coast, see Table 1 .
Equation (2) shows the derivative of the three parameter Weibull distribution function, P A1 (), is used to describe the strength of a given insulator that represents the flashover probability with the following form, derived in [23] :
where the subscript A1 denotes the insulator type (A) and condition (1) and α A1 ,  A1 , γ 0A1 , and k A1 are parameters associated with the insulator condition. This 'truncated' Weibull form provides a minimum required pollution for flashover, and changes the rate of increase of probability at low values. This is illustrated in Fig. 2 . The two functions f(γ) and P A1 (γ) are subsequently multiplied and integrated to give the probability for flashover; the hatched area in Fig. 2 expressing the risk for flashover during a pollution event for insulator A.
R xA1 is then the probability of one insulator of type A, in condition 1, in an environmental cell x, flashing over per pollution event. The insulator's performance is characterized by P A1 (γ). Equation (3) can be extended to consider the probability of one flashover event within a system containing n insulators, all of which are in the same environment: 
The implicit assumption is made that the insulator is in the environment for a time long enough to experience a complete range of environments making up the probability density function f(γ). In other words this analysis is only suitable for long periods of time so that each period of time is equivalent. Such a cycle might be a year long, or it might represent shorter periods of extreme conditions which occur repeatedly during a year. If the number of pollution events per year, N, is known (e.g. salt storms in coastal areas) the likelihood of a flashover per year can be calculated by the following expression:
Showing the equivalence of longer times and having more insulators under test.
The ageing process model
The Markov model of Fig. 3 is used to estimate the population of insulators that are in a pre-defined aged state each year. The four-state model is used to reflect statistically the ageing of composite insulators. The four states of the insulator's lifetime are defined according to the asset management framework presented in [16] as one 'New' and three aged states; 'Weathered', 'Mature' and 'At Risk'. The duration and HC (hydrophobicity classification) [9] of each Markov states are defined as follows: The four state ageing process adopted from [16] and [25] to apply on composite insulation ageing. One New and three aged states.
Times, t w , t m and t R , are distributed for a group of insulators. An insulator is classified into one of the above states depending upon the limits that define each state by a property that it is chosen to measure ageing. Although we have used hydrophobicity other variables might be used, for example leakage current measurements, roughness, and oxidative state [29] . The following assumptions are used to apply the Markov ageing model:
 The transition from 'New' to 'Weathered' occurs after three years for the whole insulation population. Thus, P 12 =0 for the first three years and P 12 =1 in the fourth year. This assumption is a result of experience in which early ageing appears relatively deterministic, and is controlled largely by the natural environment such as UV radiation.
 The transitions between adjacent states are unidirectional. No recovery is allowed. Clearly if natural hydrophobicity recovery is to be modeled this might be relaxed allowing a finite P 32 probability. Maintenance such as washing would also allow such a transition.
 When the insulators turn into the "weathered" state, they degrade according to the transition probabilities shown in Table 2 for inland and coastal environments.
 The short periods of time that the hydrophobicity is reduced due to electrical activity or pollution deposition and eventually lead back to hydrophobicity recovery are ignored. Table 2 reflects that the rate of ageing, and so the Markov transition rates, depend upon the working environment.
At this stage of our research the transition probabilities are indicative values to illustrate the model. In this exercise we have considered two different situations: insulators in an inland low pollution environment and insulators in a coastal, high pollution environment. In Fig. 4 the population of insulators in each Markov state after ten years in service is estimated according to the transition probabilities in Table 2 for a coastal environment. The transition probabilities P 23 and P 34 for the inland environment are forecasted to reflect a mild ageing process. On the other hand the transition probabilities of the coastal environment have been derived by fitting hydrophobicity classification (HC) observations from [6] . The HC data that had been collected from year 1 to year 10 in coastal service environment of silicone rubber insulators (SiR) [6] is classified into the Markov ageing states in Fig. 4 . In the Markov model we assumed that in the first 3 years all the insulators are treated to be in the "New" state and in year 4 they all turned in to the "Weathered" state. Hence the population of insulators in state 1 is neglected when fitting the HC data to estimate the transition probabilities that reflect the ageing process of a coastal environment, see Fig. 4 .
The estimated transition probabilities do result in the ageing pattern of a coastal environment, see Fig. 4 . insulator turns from the "weathered" into the "mature" state the transition to the "at risk" state follows soon thereafter. It can be seen that the rate of change of states at long times is relatively low, and in fact the initial threeyear deterministic assumption becomes much less relevant than the other transition probabilities as time progresses. 
Analysis and Results
Implementation of this model in full requires an appropriate data set. In the following only two states have been used, and these are classified as "New" and "Aged". The "Aged" state includes the population of insulators that is derived from the previously defined "Aged" states; "Weathered", "Mature" and "At Risk" because of limited data.
Two different values of the experimental parameter α in (2) are used to reflect the "New" and "Aged" states. For the "New" state the value of 0.136 is adopted from an experimental study carried out in [10] , see Table 3 , and for the "Aged" state the value of α is reduced to 0.10 in order to model a reduced flashover performance that is expected on aged insulators [7] . The effect that the reduction of α has on the 50% probability of flashover as a function of the pollution severity is illustrated in Fig. 7 . Table 3 Experimental parameters adopted from a glass insulation string study [28] . U 50 is the 50% probability of flashover. A and α A1 are experimental constants. Table 4 shows the different values used to plot the flashover probability, P A1 () from equation (2), according to the pollution severity in the inland and coastal cases, for "New" and "Aged" states.
The results obtained by plotting the distribution density function of pollution severity, f(), at site in conjunction with the flashover probability, P A1 (), as a function of pollution severity for one and five insulation strings are presented in this section. As the number of insulators increases the flashover probability, P xnA1 (), approaches the shape of a step function with the step occurring at the truncation point  0 [24] . Table 4 Parameters used to plot the strength of the insulator using equation (2) .
Parameters that change with ageing
Parameters that are assumed not to be affected by ageing Insulator state 
For an inland environment
The pollution severity for an inland environment is very small with an ESDD 50 value of 0.0005mg/cm 2 (Table 1) .
Thus, the risk of flashover for both "New" and "Aged" states of the insulation strings is negligible due to the pollution severity at site.
For a coastal environment
The pollution severity of a coastal environment is greater than the inland environment and is chosen to have a value of ESDD 50 of 0.072mg/cm 2 ( Table 1 ). The effect of the greater pollution severity is reflected on the risk of failure of the insulation strings at such an environment, see Fig. 8 . It should be noted that for the coastal environment the probability of flashover P A1 () has been estimated using statistical parameters [23] obtained from two different sets of data; one from artificial pollution tests, and a second one from natural pollution tests, see Fig. 8 . It is apparent that when the natural pollution test parameters are used the risk of flashover reduces as the natural environment is less aggressive than the laboratory artificial pollution tests, see Table 5 .
The risk of flashover per pollution event is estimated from equations (3) and (5) for one and five units, i.e.
insulator strings, respectably. Furthermore, the risk of flashover for five units per year is calculated when a conservative number of twelve pollution events for a coastal environment are assumed. The results are presented for both inland and coastal environments in Table 5 . It is apparent from Table 5 that the risk of flashover in an inland environment is negligible, i.e. one flashover every three hundred thousand pollution events. On the other hand in a coastal environment the risk of flashover is greater for both sets of estimated parameters from artificial and natural flashover tests. The risk of flashover for the defined coastal environment is about one flashover every two pollution events, see Table 5 . 
Statistical estimation of flashover rate of a network
Once the risk of flashover for a given environment is estimated per pollution event as well as per year (assuming 12 pollution events) the Markov population is used to account for ageing. Hence, in this section the risk of flashover estimated using the statistical dimensioning principles for inland and coastal environments is combined with the population of insulators that belong to the 'At Risk' state to estimate the failure rate of the insulation strings.
The risk of flashover per year of an individual insulator, R year in a certain environment is multiplied with the proportion of insulators "At Risk" state and provide an estimate of annual flashover events due to the effect of the environmental stress and ageing of the insulators.
This method has been used to construct Table 6 for both inland and coastal environments with twelve pollution events per year. The risk of flashover over these twelve pollution events per year is estimated using (6) and the results for both inland and coastal environment are shown in Table 5 . It should be noted from Table 5 and 6 that the risk of flashover for the coastal environment has been estimated using both γ 50 for artificially polluted as well as naturally polluted insulators using the approach of Engelbrecht et al [23] . The proportion for both the inland and coastal environments is taken from Fig. 5 and 6 respectively. From Tables 5 and 6 it can be seen that the risk of flashover for an inland environment is almost non-existent due to the low pollution severity. On the other hand the risk of flashover for the coastal environment is significantly greater. Nevertheless the risk of flashover is increasing for both environments as the population of insulators "At
Risk" increases. It should be pointed out that by assuming that the risk of the system is dependent on the population of insulators "At Risk" the risk of flashover that is estimated in Table 6 is reduced. It will only reach the flashover values in Table 5 once all the insulators are "At Risk" according to the Markov model. This is only valid if the "Aged" state estimated in Fig. 6 accounts for the worst case scenario. An example of which might be a hydrophilic surface with solid pollution coating.
Conclusions
A statistical methodology has been presented that can be used as a tool to estimate the risk of flashover of networks of composite outdoor insulators. Firstly, the statistical methodology proposed utilises statistical principles that take into account the design of insulators according to the pollution severity in service conditions. Secondly, it uses a Markov model to reflect statistically the ageing population of composite insulators. Finally, the statistical methodology proposed combines the two statistical models to estimate the risk of flashover for composite insulators in time under service conditions once the pollution severity of the environment is known and the transition probabilities of the insulators for the Markov model are derived. The Markov transition probabilities estimated for a costal environment using HC data that had been collected over ten years from silicone rubber insulators in service [6] it proves to reflect adequately the ageing process expected. Thus, the HC values that describe each state prove to be an adequate variable to estimate the Markov transition probabilities of silicone rubber insulators.
For any network this analysis requires, as the initial process, determination of the geographic regions and their associated Markov transitions. Each region is treated separately and then combined as a last step. For each region we then have a set of Markov probabilities P ij , and a pollution distribution function f x (γ). Perhaps one day research will be able to derive the P ij from f x (γ) since the latter determines the former. The likelihood of flashover of the insulators in each Markov state can be calculated. However to simplify the situation we assume that network performance is dominated by the insulators in the 'At Risk' state. In other words the likelihood of flashover is negligible in other states. This in fact is used to determine how the 'At Risk' group is defined. Thus the proportion of insulators in state 'At Risk' decides the performance of the whole system, and only the population of insulators in that state needs to be considered. As a consequence only the flashover likelihood of this group P At Risk (γ) is required.
The combination of statistical dimensioning principles with the four state ageing processes of Markov's model could be used to assist asset management decisions and forecast long term performance. Further work is needed to substantiate the validity of the model. This will involve accumulation of data on the long term insulation performance under different environmental service conditions. This could provide a robust tool to assist asset management of composite insulators.
